This technical report discusses three metrics of user engagement with online media. They are Commenting frequency, Voting frequency, and Voting balance. These relative figures can be derived from established, basic statistics available for many services, prominently YouTube. The paper includes case a study of popular YouTube videos to illustrate the characteristics and usefulness of the measures. The study documents the range of observed values and their relationships. The empirical sample shows the three measures to be only moderately correlated with the original statistics despite the common numerators and denominators. The paper concludes by discussing future applications and the needs of the quantification of user interaction with new media services.
INTRODUCTION
Online media services, such as YouTube, provide new ways for users to engage and react to media content. For instance, YouTube visibly promotes voting (thumbs up and thumbs down) and commenting of the videos. Together with the total number of views, this produces the basic video statistics. Additionally the service collects many statistics of user behavior invisibly without consent. For instance, YouTube records retention for each video and watching session. This and some other statistics are by default only available to the video and content owners.
YouTube is currently the third most used website globally 1 . Thus it comes as no surprise that the public statistics, foremost video views, of YouTube have attracted much attention also from news media announced what counts as 'a view', numbers such as these should be considered with caution. Similarly, the aggregate numbers of user comments or votes, which are technically straightforward to define, can hardly be considered as very usable in their own; without a reference point. This is because people cannot easily interpret or compare these kind of substantial numbers without prior knowledge.
The previous studies of user behavior and aggregate use characteristics with online video (YouTube) have typically resorted just to using the basic public statistics [1, 2, 4, 5] . Many of these reports report the total or average numbers Views or Comments at a given time. However, the problem of this approach is that these absolute numbers get quickly out of date. User engagement with the content can continue as long the media content remains accessible and by definition this means the figures can only grow bigger. For instance, an artist may become unfashionable due to bad publicity causing users to react more negatively than they initially did. If we only look at absolute figures this change could be easily dismissed. I believe more information can be gained if we have relative metrics instead of absolute indexes for audience interaction.
In this paper, I propose three aggregate level statistics that can help scholars and journalists to interpret the absolute figures of audience engagement. The three metrics measure Commenting frequency, Voting frequency, and Voting balance. They are operationalized in measures called Comments per thousand Impressions (CpkI), Votes per thousand Impressions (VpkI), and Dislike Proportion (DisP). They are applicable to services counting impressions (Views or Plays), allow commenting, and include binary voting (+/-, thumb up/thumb down) option. Importantly, these figures can be derived from public statistics, unlike private YouTube Analytics statistics.
The metrics are intended to allow comparisons between videos that attract different volumes of attention. Variations of VpkI and DisP have both appeared once before in the literature (VpkI in [6] , DisP in [3] and an equivalent metric in [1] ), but it seems timely to present them together for the first time and unify the terminology so it can be consistently used in upcoming studies.
Additionally, I will present example data drawn from popular YouTube videos to illustrate the range of the metrics and assess their interdependence. The finding is that the three measures can all provide new insights about online media. As this research establishes some reference levels for these metrics, researchers can in future more easily compare their findings of online media use.
NEW METRICS
The three metrics are derived from four existing metrics: the total number of impressions (N i ), the number of positive votes (N v+ ), the number of negative votes (N v-), and the number of comments (N c ). Based on the availability of these numbers, we can calculate the Comments per thousand impressions (CpkI). It tells us how many impressions produce one comment on average:
In a similar fashion we derive Votes per thousand Impression (VpkI), which measures the frequency of voting. VpkI is only defined when N v-> 0:
Dislike proportion (DisP) presents the share of negative votes. The calculation of DisP is performed as follows:
DisP ranges from 0-1. We have thus defined CpkI, VpkI, and DisP in three equations (1, 2, and 3).
CASE STUDY: YOUTUBE VIDEOS
The three metrics can be immediately applied to YouTube videos. As of late 2013, YouTube displays the necessary data in association with each video, total video views equaling to impressions. The relevant measurements can also be conveniently retrieved using the YouTube API and automatically computed with the formulae.
To illustrate the range and type of the measures, we calculated and analyzed CpkI, VpkI, and DisP for trending YouTube videos. 100 currently popular videos (as determined by YouTube algorithms) and their statistics were retrieved using API version 3 in December 2013. In conflict with the documentation, the API returned only 50 unique IDs at a time, so sampling was done over a span of a week on three occasions to retrieve 106 unique video IDs. The hundred videos with the greatest number of Views and allowed commenting were chosen for the sample reported here. The Appendix 1 contains the list of the sampled video IDs.
Descriptive Statistics
The basic statistics for the sample were summarized first. The resulting descriptive statistics are shown in We then calculated the new metrics, as presented in Table  2 . It shows that the three measures have an extensive range of variation. In addition to raw figures, we also binned the three variables to illustrate mode and median values. The binned distributions have a single peak in the lower end of the values as shown in the Figure 1 (next p). 
Interdependence of the Metrics
The bivariate correlations for all basic statistics and the three new measured were calculated and summarized for .208, p=.038). Importantly, all three variables are nearly independent of the basic statistics -with the exception of DisP which correlates the number of negative votes (Dislikes). This is expected due to its definition. However, a more detailed inspection of the correlations against different magnitudes of Impressions shows that the reality is not so straightforward. In a quartile split of the data on Impressions, there emerge notable correlations beyond the first quartile (videos with > 300,000 Views), which are summarized in Table 4 . Table 4 . Pearson R correlations for variables based on the data from three highest quartiles of Impressions (N=75).
Among the videos with more impressions, there is a moderately strong correlation between VpkI and CpkI, but DisP remains only weakly correlated. Commenting frequency CpkI is also moderately correlated with the number of negative votes, total number of comments and total number of votes, showing more troublesome aspects.
Correlations between the basic statistics were notable. As expected, the number of comments and votes increases quite linearly with the total number of views. However, the number of 'thumbs down' had a weaker, but still a positive connection. Voting and commenting were also very strongly correlated, hinting that the same content evokes users to both vote and comment.
DISCUSSION
This paper has suggested some new measures of interaction suitable for measuring audience engagement with online media. Because they are based on YouTube public statistics, these can be readily applied for media research. I have also illustrated the typical values and the relationship of the variables in a sample of popular YouTube videos. These demonstrate that the proposed are informative on the phenomenon. First, it showed that the three measures bring up dimensions of data beyond the original statistics -showing that despite the strong correlation of votes and comments and the views there is interesting variation.
The example data showed that among trending videos, users are typically quite active to vote and comment. However, due to the considerable variation, on average, there is one vote for every two hundred views and one comment for 1600 views. This makes voting clearly the more sensitive measurement, from which one might predict commenting when a video is yet to become popular. The trending videos were also generally liked. The average Dislike ratio was below 10%, indicating that people generally react positively to the videos. Both VpkI and DisP appear promising for future use as they appear quite independent and informational rich in comparison to basic statistics they were derived from I hope that in future these measures will be further explored for their usefulness in online media research. These metrics should be utilized with some precautions. First the interdependencies must be kept in mind if the metrics are subjected to an analysis of variance or other test of statistical distribution. Second, the user interpretation of the underlying basic statistics may change. For instance, a design change in YouTube may influence how eagerly consumers comment on the videos or new layout of the player page may cause people to react differently and vote differently on the same content. This should be remembered when comparing the metrics across points in time; i.e. the observed change in preference may not be solely attributable to a change in consumer perception of the media object, but the whole viewing experience. 
